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ABSTRACT 
Seeing as the current global culture has built itself so heavily around the Internet, digital 
marketing has quickly become the most efficient way for companies to reach their poten-
tial customers. And while this online era of marketing holds its own hoops and hurdles, 
it also offers a chance for content to be seen by far more people than was possible before. 
In fact, it offers companies the chance to have their marketing content become so widely 
spread and seen that it can be considered viral. 
 
This paper aims to explore the emotional drivers behind viral success. The main objective 
is to build upon recent studies on human emotions as tools in marketing, in order to find 
out if certain emotions can be seen to lead to higher viral success more efficiently than 
others. This exploration is conducted by examining a selected group of online videos 
evoking different emotions and comparing their statistical performance with audiences in 
great detail. By determining how different emotions make the audience behave as a re-
sponse, it could be possible to determine which emotions can then be used to increase the 
overall performance of digital content, in a way that makes it go viral. 
 
According to the empirical results, there are indeed differences in emotions when it comes 
to the way they make content perform with viewers. Not only that, there are also certain 
emotional combinations that possess their own respective strengths and weaknesses. 
 
KEYWORDS: viral marketing, digital marketing, emotional drivers, customer behavior 
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1   INTRODUCTION 
 
1.1   Background & Purpose 
 
Due to the massive rise of the Internet as the new dominant landscape in the current global 
culture, traditional marketing of the old has had to make way for the new digital age of 
marketing. Whereas before a highly proficient marketer’s primary weapons of choice 
were the likes of radio and billboards and television, today’s marketing battles are mostly 
done on social media and online video platforms like Youtube. (DeMers 2016). 
 
As a place for online video streaming, Youtube’s dominance is unrivaled. The site has 
around two billion monthly users; it is localized in over 80 countries; it plays a total of a 
billion hours of video per day, more than Facebook and Netflix combined. Furthermore, 
unlike traditional TV usage that keeps declining year after year, Youtube’s numbers are 
only rising. And marketers have clearly taken notice, as by 2017, more than half of US-
based marketers were running ads on the site. (Newberry 2018 and Bergman 2017). 
 
But even though the new digital era allows for fresh new ways to search for potential 
customers, it also gives marketing departments an increased opportunity to utilize another 
– perhaps the most effective – type of marketing: viral marketing. 
 
While the more traditional practice of marketing mostly revolves around going out with 
a message to find potential customers, the core idea of viral marketing is to let the poten-
tial customers come to the message. A viral marketing campaign doesn’t utilize content 
that needs to be separately vended or marketed – a viral marketing campaign utilizes 
content that does the vending and marketing all on its own. This content – most often an 
online video – becomes something people out of their own free will want to see and share. 
It becomes something that spreads from person to person. It becomes “viral.” (Kagen 
2018). 
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The challenge with viral marketing campaigns, however, is the fact that they are very 
difficult to successfully pull off. For every highly viral Old Spice and ALS Ice Bucket 
Challenge campaign, one could assume there to be a thousand other failed marketing 
campaigns that never get to see their time in the spotlight. And that’s because there exists 
no proven, easily followable magical blueprint for viral success. There do exist various 
types of guides and instructions, but nothing definitive to guarantee victory. 
 
In a study published by Harvard Business Review, viral marketers Kelsey Libert and 
Kristin Tynski (2013) research the importance of human emotions as a tool in viral mar-
keting campaigns. According to the results of the study, positive emotions are more prone 
to lead to viral success over negative emotions, on top of which, certain human emotions 
also seem to appear in viral content much more frequently than others. These emotion-
based results found by Libert and Tynski’s study are what this Master’s Thesis will in-
vestigate further. Whereas Libert and Tynski primarily based their emotional research 
and results on the popularity of still images, this thesis will conduct a similar type of 
research with content in video form – perhaps the most common viral marketing format 
in today’s digital era of Youtube and social media (Agnew 2018). And by conducting this 
research, the thesis will hope to answer the following research question: 
 
Are certain human emotions and positivity always the best choice to achieve viral mar-
keting success, or do other emotions and negativity have their own advantages as well?  
 
 
1.2   Methods & Limitations 
 
In order to determine the effects of different emotions, the thesis will examine a certain 
selection of homologous online videos and compare their success based on the audience’s 
emotional response. This comparison will be conducted on two different levels of speci-
ficity, and on both levels the emotional response is determined by utilizing sentiment 
analysis: 
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1. The audience’s response is divided into specific core human emotions, based on the 
comments they leave on the videos. 
2. The audience’s response is divided into positivity and negativity, based on whether 
they leave the videos a like or a dislike. 
 
By constructing this comparison, the thesis aims to find out what kind of statistics-related 
behavioral reactions and responses can be expected from which kind of emotions. If a 
video for example evokes strong anger in the majority of the audience, how does that 
affect the video’s overall performance? And the thesis isn’t limited only to surface level 
information like the basic amount of views a video has gathered, but instead will consider 
much more detailed statistical aspects of performance – aspects like audience retention, 
interactivity, sharing and so forth. 
 
The selected videos examined in this thesis all belong to a Youtube channel named “Fil-
mento”, a medium-sized Youtube content creator that mainly produces film-related video 
essays. At the time of data collection (December 22nd of 2018), the channel has around 
50 000 subscribers and a total amount of 7 million views spread across 35 videos, with 
two different videos having gone viral enough to gather more than a million viewers (Fil-
mento 2018). The reason for choosing this specific Youtube channel as the basis for the 
study, rather than basing it on various successful viral digital marketing campaigns, 
comes from the fact that the channel is owned by the author of the thesis. And to all 
channel owners, Youtube offers a very in-depth and multi-layered Analytics tool that al-
lows for highly detailed statistical insight and information about audience reaction and 
behavior – highly detailed statistical information and insight that is not publicly available 
anywhere else.  
 
While Filmento’s film-related videos at their core don’t necessarily carry any specific 
marketing motives, their overall mission is the same as with any viral marketing cam-
paign: raise interest, draw in viewers, build a brand, and so forth. Furthermore, the actual 
contents of the videos aren’t a relevant aspect in this study – the relevant, most important 
aspect is the audience response. Once it is determined how the audience reacts and be-
haves based on which emotions the videos evoke in them, that knowledge of audience 
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response can then be applied and utilized in any type of online or even offline content, 
viral marketing included. 
 
During the first year and a half that Filmento has been active on Youtube, the channel has 
uploaded videos from time to time, mainly as a hobby. But from the summer of 2018 
onward, the channel has consistently uploaded much more content than before, and with 
various different core human emotions as the driving themes behind the videos – evident 
in topic, tone and so forth. This was done in preparation for the thesis, in order to increase 
the overall sample pool of data and to ensure differences in emotional responses between 
videos. As mentioned above, the total number of videos uploaded by the channel currently 
stands at 35. But, in order to maintain data consistency and avoid possible abnormities, 
this study will limit the amount of considered videos only to video essay-based uploads 
that have gathered over 50 000 viewers by December 22nd of 2018. This solidifies the 
sample pool of the thesis as 22 videos and a total of 6.2 million views. 
 
 
1.3   Thesis Structure 
 
The first part of the thesis is dedicated to the theoretical side of the research. Chapter two 
will dive deeper into general perceptions of emotions as a concept as well as a tool in 
viral digital marketing, followed by a general overview of the sentiment analysis concept 
that this study utilizes to classify the audience’s emotional responses, this in turn followed 
by the introduction of the hypotheses. The third chapter then concludes the theoretics by 
taking a more in-depth look at Google Analytics – what it is, how it functions, what it has 
to offer to Youtube channels like Filmento. 
 
The second part of the thesis is the empirical side. Chapter four revolves around data 
collection and the initial results – first the results between core human emotions, secondly 
the results between positivity and negativity. These results will then be discussed further 
in chapter five, which serves as the conclusion to the thesis. 
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2   LITERATURE REVIEW & HYPOTHESES 
 
2.1   Emotions in Marketing 
 
As mentioned, the very foundation for this thesis is the study conducted by viral marketers 
Kelsey Libert and Kristin Tynski (2013), published by Harvard Business Review. In their 
study, the marketers go through several topics and aspects important to consider when 
creating viral content – but toward the end they also bring up the subject of emotions as 
a tool in viral marketing. Upon arriving at the subject, the duo immediately expresses a 
lack in reliable empirical evidence regarding it prior to their study: 
 
“While there is a good deal of evidence to suggest that strong emotions are key to 
viral sharing, there are a scarce few that indicate which emotions work best. 
   – Libert & Tynski (2013) 
 
In order to find out which emotions appear in viral content the most, the marketer duo 
considered 30 of the most viral images of that year and surveyed a total of 60 viewers to 
see which emotions those viral images evoked in them. It is left unclear, however, what 
this act of surveying means in practice. Did the duo specifically the viewers what emo-
tions they experienced, or did they somehow manage to deduce this experienced emotion 
without having to separately ask for it – this is not elaborated further. Regardless, the 
results of the survey seem to indicate that there do indeed exist clear differences between 
emotions when it comes to viral success: 
 
1. Negative emotions were less frequent than positive emotions, but they did appear when 
they also evoked anticipation and surprise.  
2. Certain specific emotions were very heavily represented: curiosity, amazement, inter-
est, astonishment, uncertainty. 
 
While the results found by Libert and Tynski are indeed intriguing, it could also be argued 
that there exists a certain number of weak-points in their method of research. Their sample 
pool of viewers utilized in the study, for example, isn’t very vast. Sixty separate viewers 
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might be a hefty group on its own, but perhaps not so much so when you consider the fact 
that one of the thirty images alone has over two million views (Imgur 2012). Another 
possible issue in the survey is answer reliability. When the viewers were surveyed for 
their emotions, did they for example have to locate and mark these emotions in a multiple-
choice form, or were the emotions deduced without any interference and guiding? This 
could be seen as a relevant factor, since being instructed to choose an emotion could affect 
the genuinity and thus the validity of the answers. Furthermore, it is worth noting that the 
study conducted by Libert and Tynski is based on still images, not video that is usually 
the format utilized in today’s viral content, as discussed before. And there are very fun-
damental differences between the two formats. A still image needs only to make the 
viewer glance at it once – a video needs to keep the viewer watching without losing in-
terest and moving on. Thus, the emotions that are most common with viral content in 
image form, don’t necessarily apply to viral content in video form. 
 
There is evidence to support the duo’s findings in video form as well, however. A more 
recent article (Nidhi 2018) discusses three viral marketing campaigns that are among the 
most successful of all time – all three of which are built on positive emotions. Old Spice’s 
famous body wash ad campaign utilized humor to achieve great viral success, one of their 
Youtube videos for example having amassed over 50 million viewers. Dove’s “Real 
Beauty” campaign relied very heavily on feel-good emotions, resulting in a Youtube 
video with over 60 million viewers. The ALS Ice Bucket Challenge campaign designed 
to raise awareness for people suffering from ALS disease – which consisted of people 
recording themselves pouring ice-cold water over their head – spread across the Internet 
like wildfire and ended up raising over a hundred million dollars in donations for the 
cause. Thus, seeing as all three highly successful marketing campaigns were built on 
strong positivity, it is safe to say that positivity can indeed lead to massive viral success. 
 
But while positive emotions can indeed lead to viral success, that doesn’t rule out the 
value of negative ones. A perfect example of this is the Kony 2012 campaign video that 
very quickly became a hugely widespread viral phenomenon after it was uploaded to 
Youtube (Invisible Children 2012). Even though the campaign can be seen to have a 
heartfelt positive message deep within, for the most part it is built on negative emotions 
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like anger and disgust – its main purpose being to teach viewers to hate and despise the 
titular Ugandan warlord Joseph Kony and his acts of cruelty. As a result, the video as of 
today has gathered over a hundred million views – more than any of the three earlier 
videos that were built mostly on positivity. So, does this then mean that negative emotions 
can actually help a marketing campaign become an even bigger viral success? Perhaps, 
perhaps not. Hard to say based on the basic view-count of the videos alone. 
 
Yet another possible weak-point in the study made by Libert and Tynski revolves around 
the specific emotions most frequently found to appear in viral content: curiosity, amaze-
ment, interest, astonishment and uncertainty. While these emotions might be the valid 
outcomes, they might also be somewhat overly specific and elaborate, to the point where 
they are just different versions of the same term. Amazement and astonishment for exam-
ple both carry the meaning of being surprised (Thesaurus 2018a), while curiosity and 
interest are synonyms with each other as well (Thesaurus 2018b). This of course doesn’t 
negate the actual results of the study, but it does make them unnecessarily complex. Odds 
are that most people can’t distinguish whether they are feeling astonished or amazed. And 
so, dividing those emotions into two separate classes in the world of viral marketing prob-
ably isn’t required. 
 
The problem with overly specific emotion-based results becomes clearer when you com-
pare Libert and Tynski’s study results to the results of other similar studies. A fitting 
example of a similar research endeavor is a more recent study by marketing agency Fractl 
(2016), which in many ways is like a mirror image of Libert and Tynski’s study. Fractl 
considered some of the most viral online still images and surveyed a group of viewers for 
their emotional responses. As with Libert and Tynski, the results indicate positive emo-
tions to appear in viral content more than negative ones. But unlike with Libert and Tyn-
ski’s five specific most frequent emotions, Fractl found there to be ten most frequent 
emotions. Contrasted with each other, these two lists of most common emotions in viral 
content appear as follows: 
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             Libert & Tynski (2013)                      Fractl (2016) 
 Curiosity   Amusement 
 Amazement   Interest 
 Interest   Surprise 
 Astonishment  Happiness 
 Uncertainty   Delight 
    Pleasure 
    Joy 
    Hope 
    Affection 
    Excitement 
 
At first glance, it might seem like the results of these two studies are very different, as 
they possess only one shared emotion out of a total of fifteen emotions. But, upon closer 
inspection, the case isn’t actually so much so. It only seems like it, because both results 
use overly specific and elaborate emotions. Libert and Tynski do this a little bit, whereas 
Fractl takes it to more of an extreme. Delight, happiness, pleasure, joy and amusement 
for example – they are all synonyms with each other (Thesaurus 2018c). Combining them 
into one – along with interest and curiosity as well as amazement and astonishment, as 
before – immediately makes the list much easier to perceive. Furthermore, should you 
categorize the remaining emotions into their primary emotional classes utilizing 
Plutchik’s wheel of emotions that both studies base their research on, a second new con-
nection between the lists is born (Plutchik & Kellerman 1980). The updated lists appear 
as follows: 
 
                    Libert & Tynski (2013)                         Fractl (2016) 
Amazement (Surprise)  Amusement (Joy) 
 Interest (Anticipation)  Interest (Anticipation) 
 Uncertainty (Surprise)  Surprise (Surprise) 
    Hope (Joy) 
    Affection (Trust) 
    Excitement (Joy) 
 
With just a small bit of streamlining and simplification, a complex 14-emotion catalogue 
with one connection becomes a straightforward 4-emotion catalogue with two connec-
tions. There are still differences and inconsistencies between the lists, but this method of 
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simplification does grow the overall efficiency of the results. Firstly, it makes the lists 
easier to understand and properly make use of. Most people can distinguish emotions 
between fear and joy – distinguishing between delight and happiness, not so much. Sec-
ondly, this simplification lessens the probability of the results becoming distorted and 
disordered due to unnecessary duplicates and synonyms. While the studies of Fractl and 
Libert and Tynski don’t agree on what the most frequent emotions in viral content are, 
they both do teach the importance of simplification in this field of research. And that is 
something this thesis will have to keep in mind when categorizing emotions in the empir-
ical part. 
 
 
2.2   Emotions Throughout History 
 
The correct complexity of human emotions isn’t something that researches have been able 
to agree on. The more you search the topic, the more detailed and complex results you 
will find. A very recent study for example concluded there to be 27 distinctly different 
human emotions, among them emotions like admiration, adoration, fear and horror (Lee 
2017). And even though the researchers there do have empirical evidence to support their 
claims, one could once again consider their results to be overly and unnecessarily elabo-
rate. Admiration and adoration, for example, more or less have to do with the same type 
of emotion only just with different levels of intensity, as is also the case with fear and 
horror: 
 
“Adoration – a feeling of profound love and admiration.” 
“Horror – intense and profound fear.” 
    – The Free Dictionary (2018ab) 
 
Perhaps there can be some truth and advantages in dividing certain emotions into different 
classes based on their level of intensity. But at the same time, at least from a marketing 
perspective, it can also make things more complicated and thus less efficient, especially 
when considering that the intensity levels of emotions are very subjective. Person A could 
very well regard something as much less scary than Person B, that is just basic human 
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nature. Therefore, it is much easier for a marketing department to anticipate whether their 
viral content will evoke sadness or joy, than it is for them to anticipate whether it will 
evoke horror or fear. And even if this division between levels of emotional intensity truly 
were necessary, why stop at a total of 21? Why not also include a form of fear that is less 
intense than fear and horror? Why not also include a form of admiration that is less intense 
than admiration and horror? With this kind of thought process, the division and categori-
zation of emotions could become an endless rabbit hole. It’s only a question of how de-
tailed and complex a researcher wishes their results to be. 
 
Also worth noting: one could even argue that perhaps there is another reason for this high 
21 human emotion conclusion in the said 2017 study. Since the researchers of the study 
asked subjects to either write down their emotions freely or select from already existing 
options, perhaps some of the subjects unintentionally ended up using different words for 
describing the same overall emotions? 
 
But while research into human emotions has brought up many different views and opin-
ions in the area of complexity, much of the core factors have remained very much the 
same. Dating all the way back to ancient China, a collection of sacred texts titled “Book 
of Rites” explains there to be seven basic feelings of man: joy, anger, sadness, fear, love, 
disliking, liking (Burton 2016 and Legge 1855). This conclusion is mirrored by Paul Ek-
man, a highly revered researcher in the field of human emotions (Psychology Today 
2018). According to Ekman’s initial 1970s research based on facial expressions, there are 
six basic human emotions: anger, disgust, fear, happiness, sadness, surprise (Ekman & 
Friesen 1971). Considering the close synonymity of joy and happiness as well as disgust 
and disliking, Ekman’s list shares five connections with the ancient Chinese texts, leaving 
out the emotions of love and liking, as well as adding in the emotion of surprise. 
 
In the 1980s, Robert Plutchik introduced a fairly elaborate diagram visualizing human 
emotions called the wheel of emotions (Plutchik & Kellerman 1980). This diagram in-
cludes a hefty amount of different emotions – categorized by their level of intensity – and 
for example is the basis for the study conducted by Libert and Tynski (2013). But despite 
the wheel of emotions consisting of multiple very specific and elaborate emotions, at the 
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very core of Plutchik’s research there are only eight basic human emotions, divided into 
four opposite pairs: joy and sadness, trust and disgust, fear and anger, surprise and antic-
ipation. A similar thought process of primary and secondary emotions was utilized by 
Gerrod Parrot (2001), at an even more detailed level. Parrot’s classification of emotions 
resembles a tree with branches and includes over a hundred different emotions – but as 
was the case with Plutchik, each of these secondary and tertiary emotions belongs to one 
of six primary emotional categories: love, joy, surprise, anger, sadness or fear. 
 
Should you take the primary emotions presented Ekman, Plutchik and Parrot and contrast 
them with one another, you’ll find that for the most part they are very much in agreement 
with each other, with multiple connections: 
 
Ekman  Plutchik                       Parrot 
Happiness  Joy  Joy 
Anger  Anger  Anger 
Sadness  Sadness  Sadness 
Fear  Fear  Fear 
Surprise  Surprise  Surprise 
Disgust  Disgust  Love 
  Anticipation 
Trust 
 
As the lists above showcase, the five directly shared emotions are joy, anger, sadness, 
fear and surprise. And because these emotions are so clearly agreed upon by each of the 
three researchers, this thesis will utilize them as the emotional categories in the empirical 
section of data collection and calculations. The four exceptions, however, are anticipation 
and trust included by Plutchik, love included by Parrot, as well as disgust which Parrot 
includes only as a secondary emotion under anger. Since these four emotions cannot be 
clearly agreed upon – and since there exists no one conclusive model on the topic of 
primary human emotions – this thesis will have to decide whether to include them or leave 
them out altogether. 
 
First up – love. Love is a difficult subject, because there is no one clear explanation for it 
(Belam & Stefanou 2016). Considering the dictionary, however, love could be regarded 
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most as an emotional connection between living creatures, not between a living creature 
and an inanimate object or creation (The Free Dictionary 2018c). “I love my children” 
could be viewed as an expression of true love. “I love this viral video” on the other hand 
could be viewed more as an expression of intense enjoyment. Therefore, this thesis will 
not utilize love as its own primary emotion but instead will categorize it under joy. 
 
Secondly, disgust. As mentioned, while Ekman and Plutchik regard disgust as its own 
primary human emotion, Parrot categorizes it as a secondary emotion under anger. This 
dissonance between the three falls very much in line with other studies and literary works 
concerning the subject. Despite there being multiple research endeavors about the differ-
ences or non-differences between anger and disgust, no one true answer exists (Balliet, 
Güler, Hofmann, Molho & Tybur 2017). And since no clear, agreed-upon differences or 
non-differences between anger and disgust exist, this thesis will have to make a decision 
that most preserves the efficiency of the data collected in the empirical section. And based 
on this collected data, all the found instances of disgust do in one way or another relate 
to emotional factors like hostility and bitterness, and therefore do fall under the category 
of anger. Thus, the thesis will follow Parrot’s model and categorize disgust as a secondary 
emotion under anger. 
 
Thirdly, there is anticipation. Unlike Ekman and Parrot who don’t include anticipation at 
all, Plutchik classifies it as a primary human emotion, defining it as an opposite of surprise 
(Plutchik & Kellerman 1980 and Handel 2011). The reason why the decision of whether 
or not to utilize anticipation as its own primary emotion in this thesis isn’t easy, is that 
contrary to love and disgust, it cannot be included as a secondary emotion under any other 
primary emotion. Anticipation means the expectation of something happening in the fu-
ture (Cambridge Dictionary 2018a) and it can be both positive as well as negative – it can 
for example manifest itself as joy, anger as well as fear (Ashworth & Van Boven 2007 
and Story 2014). The data collected for the empirical section of this thesis agrees, as each 
time anticipation was detected, it was based on some other primary emotion. Therefore, 
anticipation will not be used as its own category of primary emotion, but instead will upon 
detection always be assigned to the primary emotion it most relates to – be that joy or 
anger or fear any other. But since anticipation as a factor might still possibly have some 
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form of an effect on the overall success of viral content, it will be included in the results 
discussion. 
 
Similar is the story with the last abnormal emotion, trust. Ekman and Parrot don’t include 
trust as its own emotion at all, but Plutchik does. Thus, once again there are different 
schools of thought on the topic and no one correct answers exist. Seeing as anticipation 
was left out, should trust be as well? Or does it deserve to be included as Plutchik pro-
poses? Fortunately, in this instance the solution can be found through a few logical con-
nections. In his wheel of emotions, Plutchik presents admiration as an intense version of 
trust. Admiration has already been established in this thesis to have a direct connection 
with adoration (The Free Dictionary 2018a). And adoration, in turn, is a tertiary emotion 
that Parrot lists under the primary emotion of love. Accordingly, since love isn’t included 
in the empirical calculations as its own primary emotion but is instead categorized under 
joy, so then is trust. 
 
Now that the four abnormalities have been rectified, the primary emotions utilized in this 
thesis have been decided and are as follows: anger, joy, sadness, fear and surprise. Ac-
cording, the thesis will base its research on Parrot’s model of human emotions, only not 
including love which is regarded as an expression of intense joy. The choice to utilize 
Parrot’s model is due to the intricacy and accuracy of Parrot’s tree-and-branch-like chart 
of emotions, which includes more than a hundred human emotions (Parrot 2001). The 
chart helps the user to first identify a very specific secondary or tertiary emotion that then 
leads to one of the fewer and highly distinct primary emotions. This allows the thesis to 
handle its data in a very detailed fashion but still keep the results simple enough to be 
much more easily and efficiently used in marketing or any other relevant purposes. 
 
 
2.3   Sentiment Analysis 
 
Due to social media being directly woven in to the current global culture, companies have 
a wealth of available public information at their disposal to help them see what customers 
or potential customers are thinking of them and their products or services. And it could 
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be very beneficial for companies to make proper use of said available public information. 
Enter, sentiment analysis. The main purpose of sentiment analysis is to analyze a public 
online message – be that a tweet, a Facebook post, or any other kind of comment – and 
find the underlying implication and opinion within that message. (Bannister 2018). Or, 
more specifically: 
 
“Sentiment analysis is contextual mining of text which identifies and extracts sub-
jective information in source material, and [helps] a business to understand the so-
cial sentiment of their brand, product or service while monitoring online conversa-
tions.” 
   – Gupta (2018) 
 
According to Gupta (2018), sentiment analysis can be utilized in two different primary 
ways: 
 
1. Understanding what aspect of a company’s product or service a person’s opinion ex-
actly relates to, and 
2. understanding what kind of a tonal and emotional reaction the person has about the 
company’s product or service. 
 
The first way of using sentiment analysis helps companies divide people’s comments into 
separate correct categories. For example, a person’s comment might be an opinion about 
the company’s product, or it might be a complaint, or perhaps even a question in need of 
an answer. If a company receives thousands and thousands of new comments every day, 
this method of sorting and categorization can be very useful or possibly even required in 
order to divide the comments between the corresponding departments and this way better 
keep up with the inflow. (Gupta 2018). But, since the empirical section of this thesis will 
utilize a selected amount of comments regardless of category, the process of categoriza-
tion is redundant and has no effect on the results. Therefore, this feature of sentiment 
analysis will not be used. 
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The second way of sentiment analysis use allows a company to detect people’s emotional 
reactions toward its products or services. What form of emotions are people expressing, 
and can those expressions be seen as positive or negative? This type of emotion-based 
knowledge is very useful, as it can give companies highly specific directions on how to 
evolve their operations to better meet the needs and wants of their customers. If a com-
pany for example is receiving high amounts of negativity from its customer base, it can 
investigate what that negativity relates to and adjust accordingly – as was the case with 
Expedia Canada. The said company noticed a steady increase in negative feedback tar-
geted at one of their television advertisements, and based on results brought up by senti-
ment analysis, it realized that this was due to the music used in the advertisement. Many 
people had found the music to be overly annoying and thus complained about it over 
social media. In response to this negativity, the company created a new version of the 
advertisement to address the music issue. (Bannister 2018.) 
 
But while automated use of sentiment analysis can be a big aid to companies with a mas-
sive never-ending inflow of various comments and messages, there is a caveat to its use 
as well. As Bannister (2018) points out, the human language is quite complex and isn’t 
always as it seems to be on the surface. Consider for example the following message: 
 
“My computer crashed once again. Fantastic software you got there Microsoft!” 
 
To human eyes, the message clearly consists of sarcasm and is actually built on frustration 
and negativity. But to a machine, the sarcasm might not be so obvious. In fact, a machine 
might only consider keywords like fantastic and thus classify the message as overly pos-
itive. Therefore, in order to avoid such possible instances where the results could become 
distorted, this study will conduct its sentiment analysis research manually. While auto-
mated tools sophisticated enough to factor in linguistic aspects like sarcasm might exist, 
no such tools were found for this thesis. All available sentiment analysis tools found 
online were not on a high enough level to be solely relied on. Fortunately, this thesis will 
consider only a select number of comments, so manual analysis is possible. 
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2.4   Hypotheses 
 
The inception for this Master’s Thesis was planted by the research made by Libert and 
Tynski (2013) who concluded that certain human emotions and positivity seem to lead to 
viral marketing success more than other emotions and negativity. The main purpose of 
the thesis is to conduct a similar empirical study into video-based digital content in order 
to see if these claims made by the marketer duo can be considered as truth. And as the 
research question mentioned before hints at, this empirical study divides into two differ-
ent levels of specificity: a level of specific human emotions, and a level of overall posi-
tivity versus negativity. 
 
The first level – and thus, the first hypothesis – revolves around Libert and Tynski’s in-
dication that the emotions most effective in achieving viral success are the likes of curi-
osity, amazement, interest, astonishment and uncertainty. Or in primary emotion terms, 
surprise and anticipation. While such a conclusion has already been disputed by other 
similar research endeavors made for example by Fractl (2016), this thesis aims to test if 
the conclusion can be considered true with content in video form. Worth noting is that the 
emotion of anticipation has already been established not to be included as its own primary 
emotion based on Parrot’s (2001) work. Regardless, even if anticipation won’t be present 
as such in the empirical calculations, it will be part of the results discussion.  
 
The first hypothesis will be tested by making use of the comments written by the audience 
in each of the 22 online videos included in the sample pool. Every considered comment 
will be analyzed through manual use of sentiment analysis and then assigned to one of 
the five categories of primary emotions with the help of Parrot’s chart of emotions. The 
aim is to determine what kind of an effect each primary emotion has on a video’s viral 
performance – or in other words, to see which emotions appear in less or more viral videos 
the most. Thus, the first hypothesis appears as follows: 
 
Hypothesis 1: Certain emotions like surprise and anticipation are best suited for creating 
viral marketing success with content in video form. 
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H0 = Certain primary emotions do not lead to more successful video-based viral 
content than others.  
H1 = Certain primary emotions do lead to more successful video-based viral con-
tent than others. 
 
The second level and hypothesis examines viral success based on positivity versus nega-
tivity as the overall reaction from the audience. As mentioned, Libert and Tynski conclude 
that positivity is prone to lead to viral success at a higher rate of consistency than nega-
tivity – a conclusion supported by the results found by Fractl. As with specific primary 
emotions, this study aims to test the validity of the claim with content in video form. The 
second hypothesis will be tested by comparing the likes and dislikes left by the audience 
in each of the 22 videos included in the sample pool. The purpose is to determine if a high 
percentage of likes and positivity appears in videos with better viral performance more 
than a high percentage of dislikes and negativity. And thus, hypothesis number two ap-
pears as follows: 
 
Hypothesis 2: Positivity is best suited for creating viral marketing success with content 
in video form. 
 
H0 = Video-based content that evokes high positivity does not lead to bigger viral 
success than content that evokes high negativity. 
H1 = Video-based content that evokes high positivity does lead to bigger viral suc-
cess than content that evokes high negativity. 
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3   GOOGLE ANALYTICS AS A TOOL OF RESEARCH 
 
This thesis will conduct its empirical data collection and calculations by utilizing 
Google’s analytics tool found on Youtube. All the observations and conclusions that will 
be made, they are built on information provided by this tool. Therefore, before getting to 
the actual empirical section, it is highly important to first clearly comprehend what this 
tool actually is and what it has to offer to users, exactly. 
 
 
3.1   Google Analytics & Youtube 
 
Google Analytics is a free, highly popular tool provided by Google that website owners 
can implement on their site. The tool tracks a website’s visitor traffic data and presents it 
to the owner in form of a multi-layered and in-depth yet easy to use interface, allowing 
the owner to observe the visitors’ background and behavior – who they are, where they 
come from, what they do and look at, how long they do it for, and so forth. All of this 
information is presented by the tool by way of various detailed tables, charts and graphs. 
In essence, Google Analytics is meant to help a website owner understand how their site 
is currently performing, and what actions they could take to make it perform better. (Jones 
2018). 
 
Youtube Analytics is very much the same tool as Google Analytics. The only difference 
is that the former is designed to be used solely by Youtube channels to track the perfor-
mance of their video content. Granted, some of the tracked data between the two tools 
might be somewhat different in specific type, since one tool is meant to be used in inde-
pendent websites with various forms of content and the other in a company-owned site 
that deals exclusively in content in video form. Still, both tools do serve the same overall 
purpose: help users track viewer background and behavior in order to increase the perfor-
mance of their content. In fact, you could regard Youtube’s analytics tool as Google An-
alytics, only tailored for Youtube use. And unlike with independent websites, it doesn’t 
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have to be separately implemented – it is already active and ready for use in each and 
every Youtube channel. (Cronin 2018 and Baird 2018.) 
 
The restriction with Youtube Analytics – much like is the case with Google Analytics – 
is that the collected data and statistics are available only to the owner of the video content 
in question, not to anyone else. The owner of a Youtube channel can view the data re-
garding their own uploaded videos, but not the data regarding videos uploaded by others. 
Basic information like the number of total viewers and comments a video has received is 
publicly visible, but anything more detailed becomes private. (Youtube Help 2018). In 
other words: a researcher cannot utilize Youtube’s analytics tool unless they have their 
own video data to analyze, or unless they’ve been granted access to data owned by some-
one else. 
 
This factor of restriction in Google’s analytics tools serves as another inceptive factor in 
the creation of this thesis. Since the author of the thesis has his own Youtube channel with 
a total of seven million video views, he is able to observe and analyze the behavior of that 
specific sample pool of viewers in great detail, by utilizing information available only to 
him. The statistics used in the study made by Libert and Tynski, for example, were limited 
to surface level public information like views. Then again, since the marketer duo was 
basing their study on still images, perhaps the total number of views alone was enough. 
But as will be discussed next, there are many more factors in play when it comes to con-
tent in video form. And thanks to Google’s Youtube Analytics, this thesis is able to ex-
amine these factors in a very detailed and in-depth way. 
 
 
3.2   Essential Statistical Terms Defined 
 
Below are the most essential Youtube statistics that the empirical part of this study uses 
in its data collection and calculations, along with their main useful qualities. All terms are 
defined very closely according to Youtube’s own definitions (Youtube Help 2018): 
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Views: Total amount of viewers who have clicked to see a video. 
Useful in detecting: Overall success of a video. 
 
Watch Time: Total amount of time viewers have watched a video. Ten viewers to fully 
watch a 20-minute video equals 200 minutes of watch time. 
Useful in detecting: Overall success of a video. 
 
Retention Length: Average length of time viewers have watched a video. If five viewers 
watch a 20-minute video fully and another five viewers watch only half before clicking 
away, retention length of the video is 15 minutes. 
Useful in detecting: Video’s ability to hold viewer interest. 
 
Retention of Total: Retention length’s percentage out of the full length of a video. Re-
tention length of 15 minutes in a 20-minute video equals a 75% RoT. 
Useful in detecting: Video’s ability to hold viewer interest. 
 
Click-Through Rate (CTR): Total percentage of viewers who have clicked to see a 
video when it was suggested to them by Youtube. If Youtube suggests/recommends a 
video to ten viewers and only one clicks to watch it, the recorded CTR is 10%. 
Useful in detecting: Video’s ability to create viewer interest. 
 
Subscriber Gain/Loss: Total amount of viewers who have subscribed to or unsubscribed 
from a Youtube channel after watching a video uploaded by it. 
Useful in detecting: Video’s ability to draw viewers in for more or turn them away. 
 
Likes and Dislikes: Total amount of ratings (likes and dislikes) left on a video by viewers 
to express their positive or negative reaction. 
Useful in detecting: Video’s ability to create viewer interactivity in form of ratings. 
 
Like Ratio: The percentage of likes out of the total amount of ratings viewers have left 
on a video. Seven likes and three dislikes equals a 70% Like Ratio. 
Useful in detecting: Overall positivity and negativity of a video.  
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Comments: Total amount of comments viewers have left on a video to express their 
opinions. 
Useful in detecting: Video’s ability to create viewer interactivity in form of com-
ments. 
 
Shares: Total amount of times viewers have shared a video. Not an accurate representa-
tion of truth, as Youtube only counts shares made through its own sharing tool, not for 
example when the share is done by copying the URL-address of a video. Regardless, 
comparing the number of shares between videos can still be an effective indicator of 
which kind of content gets shared more than others. 
Useful in detecting: Video’s ability to make viewers share. 
 
Comment Upvotes/Downvotes: Total amount of upvotes or downvotes a comment writ-
ten on a video by a viewer has received from other viewers. When browsing through the 
comment section of a video, a viewer may either upvote comments left by other viewers 
as a sign of support and agreement, or downvote them as a sign of disagreement. The 
comments with the most upvotes commonly appear at the top of the comment section, in 
descending order. Thus, the first-appearing and most upvoted comments of a video are a 
good indicator of the audience’s overall reactions and opinions. For example, if a com-
ment left on a video has received a thousand upvotes, this means that at least a thousand 
different people agree with the statement it makes – as in, the opinion expressed by one 
viewer actually represents the opinion of a thousand viewers. 
Useful in detecting: Overall reactions and opinions of a video’s audience. 
 
Worth noting is that even though the views and watch time statistics might jump out to 
some as the most important, they won’t play as meaningful of a role in the empirical 
section of this study as the other statistics will. This simply because views and watch time 
aren’t necessarily good indicators of a video’s ability to achieve viral success. As Libert 
and Tynski explain in their study, there are many more factors at play regarding viral 
success than just emotional factors. Therefore, a video’s overall success cannot be just 
simply credited to the emotional factors that appear in it. For example, a video with a 
certain topic might automatically interest a wider audience than a video with another 
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topic. Even more, Youtube itself might suggest one video to potential viewers more than 
others, causing the video to automatically have more views and watch time (Nadeem 
2018). Comparing videos by their basic superficial statistics like views and watch time is 
not very reliable and thus serves no overall purpose. Comparing videos by their more in-
depth statistics like retention and CTR as well as rating and sharing and commenting 
percentages – that can be considered much more reliable, and therefore does serve a pur-
pose. 
 
Before concluding the literature section of the thesis and continuing on the empirical sec-
tion, one thing should be made clear. The main driving purpose behind this study isn’t 
the question of how many views and how much watch time a video has. The main driving 
purpose behind this study is the question of why a video received the amount of views 
and watch time as it did. As in, the question is not what emotional factors appear in videos 
that can be considered more viral than others – the question is what kind of an effect do 
these different emotional factors have on a video’s ability to achieve viral success. 
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4   EMPIRICAL SECTION 
 
Now begins the empirical data research section of the thesis. The overall goal of the fol-
lowing research is to expand on earlier studies discussing the significance of emotions as 
a factor in the ability of online content to achieve viral success – such as the study made 
by Libert and Tynski (2013) – and to test the validity of such studies on content in video 
form. This will be done by investigating a sample pool of 22 Youtube videos uploaded 
by the Youtube channel “Filmento”, owned by the thesis author (Filmento 2018). The 
videos are all homologous film-related video essays, with intended emotional differences 
in core themes and tones, and their face-value viral success – or lack thereof – ranges 
from 50 000 views to over a million views.  In this study, the videos will be categorized 
by their emotional factors, after which their performance with viewers is compared in a 
very detailed manner by utilizing various in-depth statistics offered by Youtube analytics, 
in order to detect the kind of effects these different emotional factors might have on 
viewer behavior. The aim is to see if there indeed does exist an emotional factor or factors 
that improve a video’s performance with the audience more than other factors, and thus 
could be seen to better lead to higher viral success. 
 
Although the entire empirical section does work to accomplish the same overall objective, 
the actual data collection and comparison will be conducted in two different parts, at two 
different levels of specificity: comparison between specific primary emotions, as well as 
comparison between positivity and negativity. 
 
Firstly, the performance of the videos will be investigated from the perspectives of the 
five primary human emotions established earlier – anger, joy, sadness, fear and surprise. 
As in, the thesis will for example investigate if videos evoking strong anger tend to find 
less success with audiences than videos evoking weak anger. The strength of the different 
emotions in each of the 22 videos is determined percentage-wise, based on the most 
upvoted comments. In each video, the ten viewer-written comments upvoted the most 
times by other viewers will be analyzed through manual utilization of sentiment analysis 
and then assigned to one of the five primary emotions based on Parrot’s chart of emotions. 
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For example, if the ten most upvoted comments of a video consist of six comments ex-
pressing anger, three expressing joy, and one expressing surprise, the said video is made 
up of the following emotional factors: 60 percent anger, 30 percent joy, 10 percent sur-
prise. Once this division of emotional factors is conducted with all 22 videos, the results 
can then be examined and compared from the point of view of each five emotions. How 
does anger affect videos’ performance with viewers when its strength is over 70 percent? 
What about when it’s under 30 percent? What about when anger is a video’s dominant 
emotion compared to when it shares equal dominance with another emotion, or when it 
has no dominance in a video at all? Does strong anger always lead to worse success than 
strong joy? These are the type of questions this study aims to answer as it inspects the 
topic. 
 
Also worth mentioning. Even though this study only considers ten viewer comments per 
video, it is important to remember that these comments possess the most upvotes received 
from other viewers. As was explained in the previous chapter, a single highly upvoted 
comment could actually represent the opinion of a thousand viewers. This is why the 
choice was made to assign the emotions based on the topmost upvoted comments of vid-
eos only, instead of for example picking a hundred different comments at random. To be 
frank, each of the five primary emotions most likely are expressed by some viewers in 
every single video – but the ten top upvoted comments are the most apt representation of 
the most significant emotional responses. And thus, by limiting the amount of considered 
comments only to ten of the most upvoted in each video, the probability of the results 
becoming muddled and overly complex will lessen notably. 
 
Secondly, the performance of the videos will be examined from the perspective of overall 
positivity versus negativity. Fortunately, the aspect of positivity and negativity can very 
easily be detected from each video’s like ratio. The like ratio of a video – as was explained 
in the previous chapter – means the amount of likes a video has received from the audi-
ence compared to the amount of ratings (likes and dislikes) it has received in total. A like 
rating indicates a positive response, whereas a dislike rating indicates a negative response. 
Thus, the like ratio can be viewed as a direct indicator of overall audience positivity. The 
higher the like ratio, the higher the positivity. And thus, the factor of positivity versus 
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negativity in the 22 videos can be directly inspected and compared. How do videos per-
form when their like ratio is over 90 percent? What about when the ratio is over 80 percent 
but under 90 percent? And what if it’s less than 80 percent?  
 
By conducting both of these different levels of research, this thesis hopes to find a defin-
itive answer to the question of whether or not there exist notable differences in the effects 
that emotional factors have on viewer behavior, and thus, a video’s ability to achieve viral 
success. The statistics utilized in the research are highly precise data provided by Youtube 
Analytics, and all the initial values and calculations and comments and other pieces of 
relevant information used can be found and inspected online at the following URL-ad-
dress: 
 
https://tinyurl.com/emotionresults   
 
 
4.1   Emotion-specific Results 
 
The results-presentation starts off with averaged values and outcomes related to the five 
primary emotions. The emotions and their effects on the performance of videos will be 
discussed one by one, beginning with the emotion that holds the total amount of points – 
the term points here representing the strength-percentage of the emotions in the videos. 
Although this strength aspect of the emotions was just introduced as percentages, in the 
actual calculations it will be handled as points. One comment equals one point to what-
ever emotion the comment expresses, the maximum point amount per video being 10 
points – as in, 100 percent. So, if a video consists of 30 percent anger, anger holds three 
points in that video. 22 videos with 10 considered comments and therefore 10 points each 
means a grand total of 220 points. 
 
The results are divided into four classes of videos based on the amount of strength that 
the emotions hold in them: 0 to 2 points, 3 to 5 points, 6 to 8 points, 9 to 10 points. On 
top of that, the outcomes will also be examined from a second, more simplified perspec-
tive, by dividing the results into three classes of videos based on the examined emotion’s 
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strength in the videos compared to other emotions: dominance, shared dominance, no 
dominance. If anger has five points in a video and the second strongest emotion has four 
points, anger is the dominant emotion of that video. If anger and joy both have four points, 
they share dominance. And if anger has less points than joy, anger has no dominance at 
all. 
 
The total numbers of points received by the five emotions – and the order the emotions 
will be investigated in – appears as follows: 
 
1. Anger – 91 points. 
2. Joy – 85 points. 
3. Sadness – 31 points. 
4. Fear – 8 points. 
5. Surprise – 5 points. 
 
4.1.1   Anger 
 
The emotion evoked in viewers the most is anger, having amassed a total of 91 points, 
which represents around forty percent of the grand total of 220 points. Out of all five 
primary human emotions, anger appears the highest number of times and thus seems to 
carry the most amount of potency as well as the strongest overall effect. This notion is 
supported by the fact that anger serves as the sole dominant emotion in ten different vid-
eos, more than any other emotion. The resulting averaged statistics of anger can be seen 
in greater detail in the table below: 
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Table 1. Average statistics of anger. 
 
As was mentioned earlier, it can be alluring for a researcher to focus on surface-level 
statistics like the amount of views and other such direct numerical readings. And should 
the reader want to examine and compare them, they can choose to do so. But once again, 
these surface-level numerical readings aren’t necessarily a proper indication of the truth. 
Some topics for example might be recommended to a wider potential audience by 
Youtube than others and thus automatically gather more overall views and watch time. 
Also, since videos can vary in ways like popularity and length, this has a direct affect on 
other readings. A video with a million views is obviously prone to receive a larger number 
of ratings than a video with 50 000 views. Therefore, it is much more effective to 
investigate the distribution and relativity of said numerical readings, which can be 
accomplished by comparing the percentage values that have been colorized. The 
colorization is done based on the positioning of the values – green for the highest value, 
yellow for the middle value(s), red for the lowest value. 
 
Starting with the first value of interest, Retention of Total (RoT), the effects of anger are 
quite clear: the stronger the anger evoked, the lower the retention (length of time the 
audience has watched a video compared to its full length). This is visible the exact same 
30 
 
 
 
way in both manners of classification, in point-based and dominance-based classification. 
Low to no anger averages an RoT of 53,2%, while extreme anger produces a value of 
46,3%. The negative effect of anger doesn’t seem overwhelming – a total of 6,9 percent-
age points, or around 40 seconds in a 10 minute video – but it does follow a direct de-
scending trend. And once more, as there are many more factors at play when it comes to 
the overall performance of a video, it is crucial to remember that these values aren’t nec-
essarily the precise truth as much as they are a loose averaged representation of the truth. 
The core purpose of the results isn’t to detect precise values and exact differences, but 
instead to detect any distinguishable effects of the emotion in question: are the effects of 
the emotion for example clearly positive or negative? Here, the answer is clearly negative, 
and perhaps quite obviously so. If the audience is angered by a video, they most likely 
are less inclined to watch it to the end. Thus, should you want your marketing campaign 
video or any other video content to hold viewer interest longer, anger isn’t the way to go. 
 
With Click-through Rate (CTR) – the percentage of viewers who have clicked to see a 
video when it is suggested to them by Youtube – the story is a bit different. Now, anger 
seems to have a clear positive effect, at least up to a certain point. Fairly high anger boasts 
the strongest CTR of 4,84%, but if it grows too extreme, to the point of becoming the 
exclusive emotion, the value plummets down to 3,55% – lower than the 4,00% that ap-
pears with low to no anger. This trend is supported by the dominance classes, as the CTR 
value is higher with shared dominance of anger than no dominance at all, but starts to dip 
when anger becomes the sole dominant emotion. And it seems that anger possesses a 
natural a tendency to become the dominant emotion – seeing as it holds dominance in 10 
different videos out of 22, more than any other emotion. The reason behind this rise and 
fall of CTR along with growing anger could perhaps be quite logical. Since anger is such 
a strong human emotion, it can serve as a powerful motivator for a potential viewer to 
become interested and want to find out more about the topic discussed. But if the anger 
factor becomes too extreme to the point of being repulsive, the viewer might prefer to 
ignore the topic altogether. Thus, the best way to utilize anger with CTR is to use it within 
limit and combine it with another dominant emotion, which in this research was the case 
twice with joy and twice with sadness. 
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While the act of subscribing and unsubscribing doesn’t necessarily mean much in a more 
traditional sense of marketing, it can be a highly important factor in the new online age 
of marketing. If a marketing department for example consistently uploads content on 
Youtube, they might want viewers to subscribe to their channel in order to grow their 
built-in audience that supports and spreads their marketing content. And even if that 
wasn’t the case, the act of subscribing can also be viewed as a general expression of in-
terest to see more by a new viewer, whereas unsubscribing signals the expression of being 
put off by an already familiar viewer. 
 
With the aspect of subscriber gain, anger’s effect is quite clear and as you might expect. 
The stronger the anger, the lower the subscriber gain. The anomaly, however, appears 
with videos evoking extreme anger. Even though fairly high anger produces a low sub-
scriber gain of 0,52% per viewer, extreme anger produces a value of 0,79% – second only 
to the 0,83% seen in videos with low to no anger. This could be explained with the high 
potency that anger as a human emotion possesses. While a brash message evoking ex-
treme anger might cause controversy, it might also gather the vigorous support of the 
group of viewers in agreement agree with the message. But this means that anger really 
does have to be extreme. Being only the dominant emotion isn’t enough, as is shown by 
the lowest 0,57% gain rate of anger as the dominant emotion. Extreme emotions create 
extreme division of opinion which in turn creates extreme opposition and support – and 
what better way to evoke extreme emotions in viewers than anger. 
 
As to subscriber loss, the results again reflect quite an expected outcome. Extremer anger 
results in the clear highest number of viewers being put off and unsubscribing, 0,048%. 
There are some small inconsistencies among the values but nothing major – mostly the 
other values hover at around 0,030%, One thing worth noting however is the fact that the 
average value of subscriber loss is quite insignificant compared to that of subscriber gain, 
meaning that it is much less common for a video to lose subscribers than it is for it to gain 
them. And so, if a marketing campaign for whatever reason plans to utilize video content 
evoking anger, and it wants to grow its built-in audience, it could find more success with 
extreme anger causing controversy than with moderate anger – given that it knows who 
its target audience is. 
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A similar u-shaped fall and rise of values to that of subscriber gain, is detectable in ratings 
from viewers. The amount of ratings per viewer is at its highest at low to no anger with 
4,34%, but after dipping down to a low of around three percent, the value begins rising 
back up to 4,06% as anger takes on a more extreme nature. Again, this could very well 
be explained with anger’s emotional potency. As tensions rise, so do the viewers’ eager-
ness to share their own differing or agreeing opinions. The overall Like Ratio (like ratings 
compared to the total amount of like and dislike ratings) tends to agree with the u-shape, 
although in a much weaker manner. Low to no anger clearly holds the best Like Ratio 
with 96,0%, whereas extreme anger comes in third with a Like Ratio of 85,7%, around 
four percentage points behind that of moderate anger. The reason why the Like Ratio 
doesn’t grow with anger as much as subscriber gain and total rating gain do, can be de-
rived from the separate amounts of likes and dislikes per viewer. Although extreme anger 
does gather more supportive ratings from viewers in agreement, it also gathers more dis-
approving ratings from the viewers in disagreement. And it is much more common for 
the audience to leave a dislike rating than it is for them to unsubscribe. 
 
The rate of commenting and the rate of sharing by viewers agree with this fall and rise 
shape as well – although the comment rate does this more strongly than any other statistic. 
While lower amounts of anger have a comment rate per viewer of around 0,60%, in ex-
treme anger it bounces all the way up to 1,44%. Once again, this most likely can be ex-
plained with the raw emotional power of anger. When tensions run high and divisions of 
opinion are steep, viewers are much more eager to write a comment to express their own 
personal thoughts and opinions on the topic. Thus, if a marketing department is looking 
to increase viewer interactivity and is interested to hear their audience’s opinions, anger 
is a powerful tool. Anger’s effect on viewers’ tendency to share a video to other viewers, 
however, isn’t as positively notable. Still, itt does follow a similar u-shape fall and rise as 
other statistics before – a 0,20% sharing rate with low to no anger versus a 0,12% sharing 
rate with fairly high anger versus a 0,17% sharing rate with extreme anger. Although, the 
best average results in sharing seem to appear when anger has no dominance or shares 
dominance with another emotion – 0,23% for the latter. 
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Now that anger’s effects on viewer behavior have been investigated, what kind of an 
initial overall conclusion can be made? Is anger a beneficial or detrimental emotional tool 
in achieving viral success? Well, since there are many different aspects of success when 
dealing with content in video form, the answer has a lot to do with what kind of success 
the person or company behind the content wants to achieve and by what means. If a com-
pany has a brand to protect and therefore would like to stay away from controversies 
created by extreme anger, then low to no anger seems to be the way to go, as it tends to 
produce the best results – in retention, in audience building, in sharing. The downside of 
low to no anger is the low CTR, which could perhaps be one of the most important values 
when it comes to achieving viral success in terms of basic number of views. If potential 
viewers don’t have a powerful-enough of an emotional incentive to click to see a video, 
it will be easier for them to ignore it altogether. Thus, should a company be willing to 
sacrifice certain values and sprinkle in some elements of anger-related controversy in 
exchange for a higher CTR, this can possibly result in more overall views. The best course 
of action seems to be to add in some amount of anger and combine it with another emo-
tion. It remains to be seen what that another emotion is. 
 
If a video uploader has no brand to protect and intends to stir up controversy in hopes of 
achieving quick viral success through shock value, anger is the way to go. Seeing as anger 
so clearly carries such strong emotional potency, it is a very powerful tool in creating 
strong reactions through emotional investment. If a video manages to properly make use 
of a topic with a steep division of opinion, it has a high chance of drawing in large num-
bers of people with emotional ties to said topic to give out their own opinions. And while 
this viral tactic will most definitely attract strong negativity and criticism toward the up-
loader, it can also find the vigorous support of the viewers in agreement. But, if a company 
or a person chooses to utilize such a tactic to collect the support of a certain group of 
people, it is beneficial for them to know their audience in advance and tailor the tactic 
accordingly. 
 
It should also be noted that there are two different ways of utilizing anger as an asset in 
viral content. While strong anger can divide viewers, it can also be used to unite them, as 
for example was the case in the Kony 2012 donation campaign video. The video was 
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designed to cast a light on the horrors inflicted on innocents by the titular Ugandan war-
lord, Joseph Kony. While the video did feature other emotions as well, it relied very heav-
ily on viewers’ anger towards Kony to achieve viral success. And the strategy seemed to 
have work quite well, as the video gathered over a hundred million views on Youtube. 
(Invisible Children 2012). Thus, if such a uniting use of anger is possible, it could be used 
to evoke strong emotional reactions and investment without drawing too much criticism 
to the video itself. And should the reader want to compare the effects of strong anger as 
a uniting emotion versus a dividing emotion as found by this study, please see the previ-
ously linked full table and focus on the resulting statistics under videos titled in the table 
as “Pewds vs Marvel” and “Last Jedi”. The former uses anger to unite people, while the 
latter does so to divide them in half. The differences in their results follow along the lines 
of earlier observations. 
 
But before continuing on to the next emotion, below are the essential conclusive obser-
vations of anger’s effects on content in video form: 
 
Strengths: interactivity (especially comments), CTR, finding the support of a specific 
audience. 
Weaknesses: retention, overall positive audience response. 
 
4.1.2   Joy 
 
The second most-evoked emotion in viewers is Joy, with a total of 85 points. Clearly, joy 
along with anger are the strongest of the primary human emotions, as they make up 176 
points of the grand total of 220 – or in other words, 80%. Joy is also the only other emotion 
in addition to anger to hold sole dominance in a video, doing so eight times, not including 
the two times it shares dominance. According to these observations, it seems very much 
like joy and anger are the predominant human emotions, while the three others possess 
more of a supportive role. The average results of joy appear as follows: 
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Table 2. Average statistics of joy. 
 
Starting with RoT, it is immediately visible that joy’s effects on a video’s performance 
aren’t a simple mirror image of anger, as you perhaps might first expect. In fact, with 
retention there seem to be some notable inconsistencies. While moderate joy produces 
the highest RoT of 52,5%, joy holding shared dominance produces the lowest dominance-
based score of 46,2%. However, this can most likely be explained with the fact that in the 
results of this study, joy shares dominance only with anger, which has already been found 
to possess a negative effect on retention. Therefore, the shared dominance score would 
most likely be higher with some other emotion. But even though joy doesn’t seem to have 
a direct negative effect on RoT like anger, it doesn’t seem to have a direct positive effect 
on it either. Joy can perhaps serve as a basis for it, but alone that’s all it can do. 
 
With CTR, joy’s effect as an emotion seems to be an exact replica of that of anger. Both 
lift the CTR score from low four percent to high four percent upon getting stronger, and 
then drive it down to mid three percent upon becoming extreme and exclusive. Just like 
anger, joy appears to generate viewer interest the most when combined with another emo-
tion(s). And joy combined with anger does seem to bring high results: 5,10%, the first 
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CTR of over five percent yet to be observed. Anger for example shared dominance also 
with sadness and brought up an average shared-dominance CTR score of 4,30%. Clearly, 
this joy-anger combination works better – and it also appears to follow earlier observa-
tions. Anger generates interest in a potential viewer through emotional investment, while 
joy balances the anger and keeps it from getting to the point of being repulsive. A pow-
erful combination if used correctly, at least with CTR. 
 
When it comes to subscriber gain, joy works quite as expected – the higher the joy evoked, 
the higher the subscriber gain. Thus, joy very clearly has a direct influence on viewers’ 
interest to see more, with extreme joy’s 0,86% being the highest score so far. Subscriber 
loss, however, appears to follow no kind of logical pattern, as the results are all over the 
place. Thus, joy doesn’t seem to have as prominent of an effect on it as maybe some other 
factors do, which is supported by the fact that there are no highly notable peaks like there 
were with anger. Joy as an emotion clearly doesn’t cause viewers to be put off by a video, 
but it doesn’t prevent it from happening either. 
 
Joy’s effect on ratings left by viewers also heeds to the earlier observations made with 
anger. While it was established that extreme anger can motivate more viewers to show 
their support and disapproval, extreme joy is clearly more effective at doing so – its rating 
gain of 5,44% per viewer being over one percentage point higher than extreme anger’s 
4,06% per viewer. That said, worth noting is the very low rating gain of 3,13% when joy 
and anger share dominance. This supports the earlier observation that strong extreme 
evoked emotions motivate viewers to express their own opinions the most. When the 
evoked emotions are only half-potent, no such motivation exists. Strong emotions equals 
strong reactions. And as joy and anger seem to be the two main human emotions, these 
strong emotions should always consist of only one or the other, not both – at least when 
the goal is to get a reaction from the audience. 
 
Inspecting the actual Like Ratio, the values are exactly as might be expected based on 
earlier observations: the higher the joy, the higher the number of likes received from 
viewers. With the rate of comments received, however, the effect appears to be exactly 
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the opposite. Here, joy seems to have direct negative effect. Low to no joy holds a com-
ment rate of 0,84%, while the three higher amounts of joy hold a rate of around 0,60%. 
This could be due to joy taking the place of other emotions like anger, which seems to be 
much more effective at generating interactivity in form of comments. To joy’s credit, it 
does boast a higher comment gain as a dominant emotion than when it shares dominance 
with anger, further supporting the notion that extreme emotions are better at evoking re-
actions than half-measures. But that said, no matter how you look at joy’s comment-based 
scores, it never comes anywhere close to extreme anger’s comment gain of 1,44% that 
was observed earlier. Therefore, it could be argued that out of the two main emotions, 
anger is the one with the most emotional potency. And accordingly, should a marketing 
department for example want to generate a strong reaction in viewers, extreme anger has 
much better chances at success than extreme joy. 
 
But even though anger might be a better tool in generating strong reactions, joy still 
proves to be useful in motivating viewers to share content. Joy doesn’t appear to be the 
only emotion with a positive effect on sharing – hinted at by the u-like rise and fall of the 
scores in point-based and dominance-based classification – but it does have clear a posi-
tive effect on it nonetheless, especially when growing to the point of being extreme. The 
share rate of 0,29% held by extreme anger is the highest observed so far, notably higher 
than the 0,17% share rate held by extreme anger. This makes clear the fact that viewers 
are more prone to share content evoking joy than they are to share shock value content 
based on anger. 
 
Perhaps the most crucial lesson to learn from the results of joy is that it’s rarely a sound 
idea to mix joy and anger together. Since they make up such massive portion of the results 
found in this study, it has become very clear that they are indeed the two strongest and 
thus the predominant emotions out of all the five primary human emotions. And this could 
be seen to follow logic as well, considering that the three other emotions can manifest 
themselves as one of the two. An expression of fear can manifest itself as joy – for exam-
ple, when watching a horror film. An expression of sadness can manifest itself as anger – 
for example, when grieving the death of a loved one. But very rarely is an expression of 
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joy going to manifest itself as anger. Therefore, because joy and anger are both base emo-
tions in a somewhat opposite way, combining them together can very easily lead to a 
lackluster and uninspired feeling – almost as if they cancel each other out. Such was 
clearly the case in the results observed above, as the shared dominance class consisting 
of joy and anger very consistently held the lowest score. 
 
The one exception to the rule of not mixing joy and anger together is CTR, which aver-
aged a very impressive score of 5,10%. But it remains to be seen if this high score can be 
credited solely to joy and anger, or if there were other emotional factors in play as well. 
Regardless, as the thesis now proceeds to the next emotion, here are the essential conclu-
sive observations of joy’s effects on content in video form: 
 
Strengths: overall positive audience response, sharing, subscriber gain, CTR. 
Weaknesses: interactivity with comments. 
 
4.1.3   Sadness 
 
Sadness serves as the third most-evoked emotion with 31 points, which is 14% out of the 
total of 220 points. While this number doesn’t get anywhere close to the levels of joy and 
anger, it is clearly higher than with the remaining emotions of fear and surprise, indicating 
that sadness may be the strongest emotion of the three. This is supported by the fact that 
sadness is the only emotion of the three to hold shared dominance in a video, doing it on 
two different occasions, both times with anger – alluding that there could perhaps be some 
form of a connection between the two. That said, sadness does not hold sole dominance 
once, on top of which, the highest number of points it manages to gather in one video is 
four. This seems to fall in line with earlier assumptions that anger and joy are the pre-
dominant base human emotions, while sadness and fear and surprise play more of a sup-
portive role. The average results table of sadness can be found below: 
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Table 3. Average statistics of sadness. 
 
The very first thing that might pop out in this table is the emptiness under certain classes. 
As was mentioned above, these missing values aren’t included in the table for a simple 
reason: they do not exist. In all of the 22 videos analyzed by way of the 220 top upvoted 
comments, sadness never achieves sole dominance or a point-score of over four. This 
finding supports earlier discussions where it was brought up that the three supportive 
emotions can manifest themselves as one of the two predominant emotions. Inspecting 
the table above, for example, it seems possible that when the intensity of sadness grows 
too high, it manifests itself as another emotion instead of sadness – which, based on the 
fact that sadness shares dominance only with one other emotion, appears to be anger. That 
said, this possibility of one emotion manifesting itself as another will be discussed further 
after examining the results of the table. 
 
Unlike anger and joy, sadness seems to have a clear direct positive influence on retention. 
Moderate sadness holds an RoT value of 55,0%, which is higher than the previous  highest 
observed RoT of 53,4% held by joy as a dominant emotion. But the most important value 
to notice is the 55,7% retention score when sadness shares dominance with anger. Even 
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though anger has been established to have a direct negative effect on retention, it seems 
like sadness is able to take that effect and turn it into a positive – seeing as sadness 
averages a higher RoT when sharing dominance with anger than when not. Perhaps 
sadness evokes a sense of emotional investment and connection that keeps the viewer 
watching, which can become even stronger when combined with the emotional 
investment evoked by anger. While intense anger can lead to negative emotional factors 
like repulsiveness, perhaps sadness has the ability to alleviate those negative factors and 
keep them from pushing viewers away. For example, the videos in the full table titled 
“Last Jedi” and “Solo” – they both discuss the failure of a recent Star Wars film, only 
with two different responses from the audience. The emotion expressed by viewers in the 
former video is exclusively anger: “this is what went/didn’t go wrong”. The latter on the 
other hand evokes anger and also sadness: “this is what could have been”. This resulted 
in the former video having an RoT of 45,7% and the latter an RoT of 57,2% . Thus, 
tragedy (anger + sadness) appears to maintain viewer interest much better than travesty 
(anger): 
 
“Tragedy – a very sad event that causes people to suffer or die; a bad situation that 
makes people very upset or angry.” 
– Macmillan Dictionary (2018) 
 
“Travesty – something that fails to represent the values and qualities that it is in-
tended to represent, in a way that is shocking of offensive.” 
    – Cambridge Dictionary (2018b) 
 
With CTR, however, sadness seems to have a clear negative effect, especially when 
combined with anger. Not only is the 3,68% score of moderate sadness clearly lower than 
the 4,33% of low to no sadness, it’s also a far cry from the five percent high average held 
by the dominant combination of joy and anger. The 3,50% CTR of anger and sadness 
indicates that while tragedy maintains viewer interest well, it’s not very effective at 
creating it. This could be seen to follow logic as well – a driver doesn’t necessarily want 
to encounter a tragic car crash on the road, but if they do, it’s hard to look away. 
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When it comes to subscriber gain and loss, sadness doesn’t appear to have any kind of a 
clear positive or negative effect. Both gain and loss rates are nearly identical with low to 
no sadness and moderate sadness. There does exist a bit of a dip in subscriber gain when 
sadness holds shared dominance – 0,58% with shared dominance versus 0,66% with no 
dominance – but this dip can perhaps be credited to anger, as it has already been 
established to have a negative effect on this statistic. 
 
Upon inspecting the rating amount and Like Ratio related to sadness, one can detect a bit 
of an anomaly. According to the statistics of joy and anger examined earlier, total amount 
of ratings and the Like Ratio have a direct relationship – the highest rating amount has 
always resulted in the highest Like Ratio. Here, however, that relationship is the exact 
opposite: inverted. Low to no sadness sports a rating rate of 3,79% and a Like Ratio of 
89,3%; moderate sadness holds a rating rate of 3,10% and a Like Ratio of 92,4%. 
Accordingly, sadness produces a stronger positive response in the audience, but it also 
discourages people from interacting in form of ratings. Perhaps this is because even 
though a viewer might find enjoyment in a video revolving around a sad topic, they are 
less inclined to give it a positive rating since doing so could feel inappropriate. 
 
Same kind of negative effect on interactivity is evident in the commenting scores. As is 
the case with ratings, sadness clearly discourages viewers from expressing their own 
personal opinions in form of comments – dipping from 0,72% to 0,61% as the intensity 
of sadness becomes moderate. There is no decline between no dominance and shared 
dominance, but that most likely is due to anger’s ability of increasing said interactivity. 
Thus, it can be safely said that if a marketing department for example is looking to get a 
reaction out of viewers in order to hear their opinions on a topic, travesty is the correct 
choice over tragedy. 
 
But the most notable value here is the sharing rate which seems to rise with sadness, 
especially when combined with anger. While tragedy isn’t too effective in creating 
interactivity, it does very much appear to be so in making viewers share content. Shared 
dominance between sadness and anger boasts an impressive sharing rate of 0,32%, higher 
even than the 0,29% sharing rate held by extreme joy. This new record score indicates 
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that even though viewers aren’t inclined to express their opinions on a tragic topic, they 
do want to share the experience with others, most likely with acquintances. Applying this 
observation to the car crash example used before, it does appear to make sense. The driver 
encountering a tragic car crash doesn’t necessarily want to discuss it with random people 
at the scene of the accident, but does want to share what they witnessed with people they 
know. The emotional investment of sadness seems to incentivice people to share their 
experience, but combined with anger, this incentive rises up to an even higher level. 
Consider: sharing an experience of witnessing an accidental car crash (sadness), versus 
sharing an experience of witnessing a car crash caused by someone responsible (sadness 
+ anger). 
 
Based on the observations made above, it seems that sadness has a clear strong relation-
ship with anger, much more strongly than it does with joy. Obviously, the relationship 
between sadness and anger isn’t exclusive, as sadness can lead to joy as well. For exam-
ple, a parent can be sad when sending a child to study abroad, but proud and joyful at the 
same time. Then again, perhaps that joyfulness in actuality has more to do with love than 
it does with joy. And since it has already been established that love isn’t a relevant emo-
tion when discussing inanimate objects and creations such as online videos, perhaps the 
relationship between sadness and anger indeed is exclusive. Maybe small amounts of sad-
ness can lead to joy, but more intense sadness always tends to lead to anger. This would 
explain why no higher amounts of sadness exist in the results – every time sadness grows 
too intense, it manifests itself as anger. It could then be argued that with inanimate crea-
tions like video content, sadness as a supportive emotion is much more compatible with 
anger than it is with joy, especially when the intensity of sadness is intended to be even a 
little bit high. Since it has been already established that combining joy and anger can most 
often lead to lackluster results, and since it now appears that intense sadness leads to 
anger, combining strong amounts of sadness and joy can be a recipe for an overall weak 
performance. 
 
Before advancing to the next emotion, below are the most essential observations of the 
effects characteristic to sadness, especially when used together with anger in form of trag-
edy: 
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Strengths: sharing, retention. 
Weaknesses: interactivity, CTR. 
 
4.1.4   Fear 
 
The role of the fourth most-evoked emotion is played by fear, with a measly point score 
of eight – 3,6% out of the total of 220 points. The emotion never holds dominance or even 
shared dominance in any video, and the highest amount of points it manages to achieve 
per video is two. This seems to indicate that perhaps fear has a tendency to manifest itself 
as another emotion very frequently, even more so than was the case with sadness. The 
problem this creates, however, is that it makes the results somewhat difficult to evaluate 
and compare with confidence. Whereas with sadness it was possible to compare the re-
sults between moderate sadness and low to no sadness, in the case of fear there are results 
only within the class of low to none. But perhaps it is still possible to make use of the 
results by comparing them based on which of the two predominant emotions fear was 
built on. The average results of fear are as follows:  
 
 
 
 
 
 
 
 
 
 
 
 
Table 4. Average statistics of fear. 
44 
 
 
 
 
The table above very quickly presents the issue that comes with such a measly point score: 
the highs and lows of the values seem to appear all over the table, without any form of 
clear distinct patterns; the dominance classes don’t exist and thus cannot be utilized; the 
point class of zero consists of other emotional factors than just the absence of fear and 
thus cannot be utilized either. Fortunately, the table does present one form of opportunity 
that can be made us of. As mentioned, the maximum point amount of fear is two points, 
which it reaches in two different videos, both times with joy as the dominant emotion of 
said video. Whenever fear holds one point, however, it is either with joy or anger as the 
dominant emotion, anger more frequently – twice with anger, once with joy, once with 
both sharing dominance. Thus, the results can be compared accordingly. Point class two 
holds values of fear combined with joy, whereas point class one holds values of fear com-
bined mostly with anger. If one point class appears to perform distinctly better than the 
other, that combination can then be seen as the superior of the two. Since fear has already 
been established as a supportive emotion built on top of either anger or joy, this compar-
ison could reveal which is the better choice. Plus, the no-dominance values – which here 
represent the overall averages of all 22 videos – can be used in detecting whether the use 
of fear in general appears to hold a positive or a negative effect on performance. 
 
But while the overall point-score of fear might be low, it is important not to underestimate 
its potency as a human emotion. Even though fear might not possess a lasting effect that 
extends to the aftermath of an experience, that doesn’t negate its effect during the expe-
rience. For example, a moviegoer might feel intense fear when watching a horror film, 
but upon exiting the theatre afterwards, this intense fear most often might have turned 
into a more lasting predominant emotion like joy. Similar thing could have been at play 
in the results of this thesis. Perhaps viewers did indeed experience more fear during some 
videos, but when the videos were over and the viewers scrolled down to write or upvote 
a comment, that fear had already faded and formed into another emotion. Luckily, enough 
instances of fear were observed to properly include it as an emotional factor in this study. 
 
The first thing to note in the results is the RoT value that fear combined with joy holds – 
a remarkable 58,6%. Not only is this higher than the 47,2% held by the combination of 
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fear and anger, not only is it higher than the 51,0% overall average, it is even higher than 
the previous record of 55,7% posted by sadness combined with anger. Clearly, fear is able 
to evoke the kind of emotional investment and immersion in viewers that keeps them 
watching, perhaps even more so than sadness. This does fall in line with fear’s natural 
observed effect on living beings – hence the phrase, “frozen in fear” (Gorman & Gorman 
2018). 
 
Same type of outstanding results can’t be found when examining the CTR statistics. Ac-
cording to the table, combining fear with anger produces a higher Click-through Rate than 
when combining fear with joy, but not much – 4,68% versus 4,45%. Although, this dif-
ference between the results could be just an anomaly and not a consistent outcome, as 
based on earlier observations there is no indication that anger leads to higher CTR than 
joy. Worth noting however is the fact that these two values including fear are clearly 
higher than the 4,06% CTR when fear is absent. Then again, it’s hard to make any solid 
conclusions based on this difference alone, as it was just proposed that some amount of 
undetected fear might actually exist in the class where fear is absent. From a theoretical 
standpoint, perhaps there is a possibility that fear is able to evoke investment and owner-
ship in a viewer in a way that makes them click to see more. For example, if a video 
discusses a topic dear to a viewer’s heart from an angle that evokes fear, perhaps this 
increases the viewer’s inclination to see what the results of the discussion are. Perhaps 
fear does have a positive effect, perhaps not – impossible to say for sure. On the other 
hand, since the CTR values have been fairly inconsistent so far, perhaps there is some 
other emotional factor directly related to CTR that is yet to be observed. 
 
More inconsistencies appear with subscriber gain and loss, as the results don’t seem to 
follow any kind of logical pattern. The only useful act of examination here would be to 
compare the differences in values between fear combined with anger and fear combined 
with joy, but even then there are no logical discrepancies to be found. Both hold a similar 
below-average rate of subscriber gain, whereas fear combined with joy results in a sub-
scriber loss rate almost twice the value of that of fear and anger – an observation directly 
in conflict with earlier observations that anger has a natural tendency to lead to higher 
loss rates than joy. Perhaps fear as an emotion can be displeasing to some viewers and 
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thus put them off from wanting to see more. Or in perhaps a more likely case, there could 
also be other, non-emotional factors at play with subscriber loss, considering the very low 
number of viewers who have actually unsubscribed. 
 
While there are no notable differences in values when it comes to the Like Ratio, with 
audience interactivity the use of fear with joy instead of anger is clearly more beneficial. 
The overall rating and comment rates per viewer of fear and joy are 3,95% and 0,99%, 
respectively. Compare this to the 3,10% and 0,45% rates held by fear and anger, the dif-
ference is very apparent. Even though anger for example has been established to be a 
more effective dominant emotion in motivating viewers to express their opinions than 
joy, when combined with fear the commenting rate of joy achieves higher success than 
anger. Furthermore, it is also worth noting that the rating and commenting values of fear 
combined with joy are above the general averages of all 22 videos, indicating that fear 
does indeed have a direct positive effect on them. This positive effect seems to apply only 
when fear leads to joy and not when it leads to anger, which perhaps could be explained 
with the differences in retention found above. If viewers are clicking off early, they prob-
ably might do so without interacting, at least when looking from the perspective of fear. 
But if they do not click off early and instead stay until the very end, they still have the 
ability to interact. And fear as an emotional factor seems to make viewers want to do so, 
especially with comments. 
 
With sharing, fear doesn’t appear to have any kind of positive effects, seeing as with both 
fear and anger as well as fear and joy the results are below the general average, although 
only barely. The sharing average with fear and joy is lower than with fear and anger, but 
the difference is perhaps too miniscule to be able to make any solid conclusions – 0,15% 
versus 0,17%. There are no notable spikes in values as there for example was with sad-
ness. Thus, it seems that fear indeed doesn’t have a direct effect on sharing – definitely 
not a positive one. 
 
Overall, fear as an emotion seems to have a much more positive effect on a video’s per-
formance when it is combined with joy rather than with anger, considering that fear com-
bined mostly with anger usually averaged the worst results. This observation makes fear 
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seem like a mirroring image of sadness, which seemed to function much better when 
coupled together with anger rather than joy. In that sense, the two supportive emotions 
could be seen as substitutes. If a marketing team for example is planning to utilize anger-
based video content, sadness could be the correct emotion to mix in. But if the plan is to 
utilize joy-based content, then fear might be the better choice – depending, of course, on 
what the marketing team wants to accomplish. While sadness appears to positively affect 
retention and sharing, fear seems to do so with retention and interactivity – interactivity 
being a weakness for sadness. 
 
It will be interesting to see how surprise, as the last piece of the puzzle, fits into this group 
of supportive emotions. Before that, however, here are the most essential observed posi-
tive and negative effects of fear, especially when used in combination with joy: 
 
Strengths: interactivity, retention. 
Weaknesses: sharing, subscriber gain. 
 
4.1.5   Surprise 
 
The emotion appearing in the audience response the least number of times is surprise, 
having rounded up a total score of only five points across four videos – 2,3% out of the 
220 point total. Much like fear, surprise never holds dominance or shared dominance, and 
the highest point score it reaches is two. But unlike fear, it does so only in one video. 
While it again could be argued that the lack of detected surprise is due to its tendency to 
manifest itself as either of the two predominant emotions, this low amount of evidence 
does make the results somewhat more difficult to utilize – perhaps even unreliable. There-
fore, in order to make the results more consistent and reliable as well as easier to perceive, 
the table of statistics related to surprise will appear in a slightly different manner than 
before. Since the difference between one point and two points of emotional strength is 
very minor, it will be much more efficient to instead categorize the four surprise-related 
videos based on their dominance – two joy-dominant videos, and two videos where joy 
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and anger share dominance. This will help perceive if surprise used as a supportive emo-
tion in either case can be viewed as a benefit, when compared to the general average of 
all 22 videos. And so, the table of average results appears as follows: 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 5. Average statistics of surprise. 
 
The issue displayed by the table above is that surprise wasn’t detected in any videos where 
anger is the dominant emotion – the closest to it are videos where anger shares dominance 
with joy. Thus, this study cannot examine the effects of surprise coupled with anger, but 
only the effects it has when coupled with joy, in comparison to the general average as 
well as earlier joy-dominant averages. The reason why the results relating to the videos 
where anger shares dominance with joy won’t be as much of a prominent factor in this 
sub-chapter, is because they have been gone through once already, in the joy sub-chapter. 
These results can be included in the discussion if useful, but the main attention is on the 
surprise-oriented results produced by the two joy-dominant videos. 
 
Furthermore, even though surprise holds only a maximum of two points per video, it is 
once again important to keep in mind earlier discussions about supportive emotions man-
ifesting themselves as predominant emotions. Both joy-dominant videos here for example 
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– found in the full table titled as “Perfect Villain” & “Impossible Remake” – revolve very 
heavily around the element of surprise, and the emotion does play a key role in the way 
they were constructed. Case in point: in the former video there is a very unexpected reveal 
of information that turns out to be a misdirection, which according to the comments left 
by viewers seems to have taken a large number of them by surprise. Yet, surprise isn’t 
necessarily the emotion that manifested as a result. Consider the following highly upvoted 
comment left in the video: 
 
“I laughed when you said Malekith and then you kept going and I was like "Wait is 
he serious...?" 😂😂” 
 
The basis for this comment is clearly surprise, the commenter having been caught off 
guard by the misdirection in the video. But the way it is expressed also very directly 
relates to the joy and amusement evoked by that surprise. And thus, even though surprise 
along with the two other supportive emotions might hold a significantly lower point score 
than the two predominant emotions, their usefulness should not be shrugged off as insig-
nificant. 
 
With retention, surprise combined with joy appears to have a clear positive effect, as was 
the case with both earlier supportive emotions, only even in a stronger manner here. The 
resulting RoT of 59,6% is well above the general average of 51,0%, and passes even the 
previous RoT record of 58,6% set by fear infused with joy. Furthermore, this value also 
towers above the 53,4% average held by all eight joy-dominant videos, which was ob-
served earlier. Thus, it does very much seem like surprise is indeed beneficial to retention, 
at least when used together with joy. And perhaps this observation could be seen to heed 
to logic. If a viewer is constantly pleasantly surprised and taken off guard by a video, that 
could increase their inclination to keep watching. 
 
CTR, on the other hand, once again seems to have the inverted results compared to reten-
tion, as has been the case numerous times earlier. Not only is the 3,50% CTR of surprise 
combined with joy here lower than the 4,21% general average, it’s also underwhelming 
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compared to the 4,09% average of all joy-dominated videos. This indicates that just like 
the two other supportive emotions, surprise doesn’t have a detectable positive effect on 
Click-through Rate. And thus, the only emotional factors to possess the said positive ef-
fect appear to be anger and joy, although only when not used in an extreme or exclusive 
manner – the best results being when used together. Then again, this observation doesn’t 
include the factor of anticipation, which shall be discussed in the final conclusive chapter. 
 
Surveying the subscriber gain, positive surprise seems to be very beneficial – the only 
one of the three supportive emotions to do so. The subscriber gain rate of 0,87% per 
viewer is well above the 0,66% average, but also tops the previous record of 0,86% set 
by extreme joy. This could be seen to follow logic, since if a viewer is already watching 
a video longer due to being positively surprised by it, one could think that they would 
also want to see more in general. The contradictory result, however, is the subscriber loss 
rate of 0,048%, which indicates that a higher percentage of viewers are also being put off 
from wanting to see more, as the general average value is 0,033%. Then again, a similar 
inverted occurrence has been the case before, and it could be due to a couple different 
reasons. Firstly, perhaps the element of surprise and unexpectancy does indeed possess a 
negative effect on some group of viewers. Or secondly, considering that the total number 
of unsubscribers is very low, it is easier for the results to deviate and produce inconsistent 
values than with other statistics. Ultimately, while positive surprise does appear to be 
beneficial for subscriber gain, same cannot be confidently said about subscriber loss. 
 
When it comes to rating, surprise built on joy very consistently leads to highly positive 
results. The 4,2% rating gain per viewer for example once again exceeds the general av-
erage of 3,66% as well as the values produced by both fear and sadness, although it can’t 
quite reach the 5,10% high of extreme joy. Same is the story with the Like Ratio, as the 
96,4% score achieved by surprise is higher than the low 90 percent scores held by its 
fellow supportive emotions, bested only by the 97,2% held by extreme joy. It perhaps 
could be argued that such high results could also be credited to joy as it has been estab-
lished to have a direct positive effect in this area of statistics. While this is true, it is also 
important to remember that joy combined with fear did not lead to same level of success. 
Furthermore, the results here very consistently rival the results held by all joy-dominant 
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videos. Thus, even though joy as a predominant emotion indeed does have a clear direct 
positive effect on ratings and Like Ratio, surprise seems to be a very useful supportive 
emotion in boosting its effect. 
 
Same kind of positive effect isn’t the case when it comes to commenting, however. With 
the comment rate per person, the results held by surprise fall below the general 0,70% 
average, with both joy-dominant videos (0,68%) as well as joy-anger dominant videos 
(0,43%). When comparing this to the 0,99% comment rate that joy reaches with fear, it 
becomes very apparent that surprise isn’t the most effective way to increase the audi-
ence’s inclination to share their opinions in form of comments. Then again, perhaps sur-
prise could hold a more powerful effect in this area if used at the very end. The aforemen-
tioned misdirection used in one of the two joy-dominant videos, for example, was located 
more toward the middle of the video, and thus its effect on the viewer could have faded 
off by the end – unless the viewer chose to comment in the middle of it. If the misdirection 
was utilized right as the video ended and the time for commenting was optimal, perhaps 
its impact on the viewer’s inclination to do so would’ve been stronger. Perhaps so. But 
based only on the results found by this study, no such conclusion can be made. 
 
With sharing, surprise’s effect isn’t anything to celebrate either. While the 0,19% sharing 
rate held by positive surprise is in line with the 0,18% overall average, it pales in com-
parison to the rates of 0,26% and 0,32% held by extreme joy and sadness combined with 
anger, respectively. Perhaps the same argument can be made here as above – that the 
impact of surprise could be stronger if used at the very end – but based on the found 
results, surprise isn’t a particularly beneficial supportive emotion when it comes to moti-
vating the audience share content. 
 
Ultimately, the effects of surprise as a supportive emotion seem to group up along the 
same lines as was the case with sadness and fear earlier. As in, it shares a strength with 
the two in retention, but at the same time also functions much more efficiently in certain 
areas that they lacked in – namely, with subscriber gain and an overall highly positive 
audience response. Accordingly, the weaknesses apparent with surprise, the other two 
perform better with. Although, it is important to remember that the results relating to 
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surprise are only valid when combined with joy and not with anger, as no results relating 
to the latter combination were at this study’s disposal. Thus, the effects that surprise has 
on audience behavior when used together with dominant anger remains a mystery – the 
effects could be positive, or they could be negative. The conclusion closest to it that is 
possible to be made is that surprise doesn’t appear to help joy-anger dominant content to 
escape the low scores it usually holds. 
 
Thus concludes the emotion-specific side of the empirical research section. Next, the 
same results shall be investigated once more, from the viewpoint of positivity versus neg-
ativity, after which begins the final discussion chapter of the thesis. And as before, below 
are the essential observed effects held by surprise, in joy-dominant content: 
 
Strengths: retention, subscribers, overall positive audience response. 
Weaknesses: interactivity (comments), sharing, CTR. 
 
 
4.2   Positivity & Negativity -specific Results 
 
Compared to the emotion-specific perspective, examining the results found by this thesis 
from the viewpoint of overall positivity and negativity is much simpler and more straight-
forward. Instead of going through all the statistics one emotion after another, the results 
can now be clearly perceived with the help of one single table alone. Granted, this latter 
viewpoint doesn’t offer nearly as much detailed information as the former, but it is the 
most efficient way to detect whether or not positivity truly does lead to viral success better 
than negativity, as was concluded by Libert & Tynski (2013).  
 
As was mentioned at the start of the fourth chapter, the positivity-oriented results are 
directly based on the ratings (likes and dislikes) received from viewers, the total of 22 
videos being divided into four levels of Like Ratio: 95-100%; 90-94%; 80-89%; 69,5-
79%. The reason why seventy percent serves as the bottom is because that is the lowest 
Like Ratio across all 22 videos. The video in question – found in the full table with the 
title “Black Panther” – discussed a topic highly controversial among the viewers and in 
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the process split the audience into two separate sides of opinion. There is an argument to 
be made that perhaps the negativity included in this study is limited and thus doesn’t 
represent the full power and capabilities negativity possesses. Perhaps so. But at the same 
time, the issue with overly negative content is that it can very easily slip too far, to the 
point of breaking established rules and restrictions. For example, Youtube enforces strict 
guidelines that specifically prohibit content that can be considered hateful or violent or 
harassing or anything of the kind (Youtube 2018). Furthermore, even though the most 
negative video present in this study holds a Like Ratio of around seventy percent, it still 
means that the video evoked a negative reaction in every third viewer. 
 
 The table of averaged results appears as follows: 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 5. Average statistics based on positivity. 
 
As perhaps may have been expected, the results of the thesis viewed from the perspective 
of positivity appear to very consistently mirror the results of joy and anger. In fact, since 
joy based on earlier discussions has been found to very directly related to positivity and 
anger negativity, the table above could in essence be viewed as such – strong joy versus 
strong anger. Granted, extreme anger was found not to always lead to the highest amount 
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of negativity, not to mention that the results might also waver to some extent depending 
on the placements of the three supportive emotions, but the fundamental characteristic 
differences should still stand – seeing as joy and anger have been established to be the 
strongest, predominant human emotions. 
 
Based on retention, the claim of positivity leading to viral success more efficiently than 
negativity does hold water. The values initially stay put above fifty percent without drop-
ping even as negativity increases – perhaps due to the effects of the supportive emotions 
– but the drop does ultimately happen as negativity grows strong enough, and the overall 
trend turns out to be a descending one. 
 
With CTR, however, holes are already starting to appear in the claim of positivity being 
superior to negativity. As was observed to be the case with anger, negativity seems to 
possess a natural ability to increase the overall Click-through Rate, at least up to a certain 
point. And should viral success be weighed based on the total amount of views above all 
other statistics – like was done by Libert and Tynski – CTR could perhaps be the single 
most important factor there exists, seeing as it gauges the potential viewers’ inclination 
to click to see content upon encountering it. Once again, the results don’t factor in the 
element of anticipation, which can be either positive or negative as was concluded before. 
Regardless, according to the overall results found in this study, a certain amount of neg-
ativity is more effective in achieving a higher CTR than just pure positivity. 
 
Subscriber gain and loss rates, on the other hand, appear to tip the scale back in positiv-
ity’s favor. With the gain rate, even though some tiny fluctuations do appear at the middle 
at around sixty percent – most likely relating to anger’s ability to gather vigorous support 
from the group of viewers in agreement – the overall trend is clearly downwards: 0,86% 
at strong positivity versus 0,49% at strong negativity. With the loss rate, there are some 
inconsistencies as negativity grows strong enough, but the best result once again is 
achieved with strong positivity. 
 
Similar trend continues with the rating statistics. While some amount of negativity seems 
to increase viewers’ motivation to leave a like or a dislike somewhat, the clear winner is 
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once again positivity with a rating-per-viewer gain of 4,45%, the only value above four 
percent. And when it comes to the Like Ratio, this is even more clearly the case. Going 
from positive to negative, the ratio drops directly downwards – from 96,7% all the way 
to 75,7%. 
 
Same is the story with sharing. Even though the rate of shares per viewer at the end grows 
back up to 0,14% as negativity becomes intense enough, strong positivity once more 
claims victory with 0,25%. In fact, the only statistic where strong negativity holds the 
best result is the rate of comments. Although some fluctuations again appear in the mid-
dle, the overall difference between negativity and positivity is unmistakable – the 1,08% 
comment rate of strong negativity is over double the 0,45% rate held by positivity. This 
further supports the earlier observations made that if a marketing team or any other entity 
wants to create high interactivity and motivate viewers into expressing their opinions, the 
very best way to do so is through negative means like anger. 
 
Overall, it appears as though there is much truth to Libert and Tynski’s claim that the 
most effective way to achieve viral success is through positivity. Like the results found 
in this sub-chapter suggest, most of the time positivity does lead to the best results. How-
ever, emphasis is on the phrase “most of the time”. As so clearly illustrated by the table 
above, there are some statistics that appear to perform better with some sense of negativity 
added into the mix – namely, audience interactivity in form of comments and the Click-
through Rate. But instead of elaborating on all the observations and results further here, 
it shall be done in the next conclusive chapter that serves as the ending to this thesis. 
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5   CONCLUSIVE DISCUSSION 
 
The inception for the creation of this thesis was planted by the 2013 study conducted by 
viral marketers Kelsey Libert and Kristin Tynski. In their Harvard Business Review pub-
lished study, the duo discussed the role of emotions in achieving high viral marketing 
success, concluding that the most efficient emotional factors in achieving said success are 
positivity and certain specific emotions: curiosity, amazement, interest, astonishment, un-
certainty. Going by Plutchik’s wheel of emotions (Plutchik & Kellerman 1980), these five 
sub-emotions belong to two primary emotions of surprise and anticipation, the latter of 
which was left out of the calculations in this thesis based on existing research and litera-
ture regarding the classification of primary and secondary emotions. Thus, inspired by 
the conclusions made by Libert and Tynski, this thesis set out to examine the subject of 
emotions as a factor in viral success further, with the following research question: 
 
Are certain human emotions and positivity always the best choice to achieve viral mar-
keting success, or do other emotions and negativity have their own advantages as well? 
 
Seeing as similar research to that of Libert and Tynski’s already exists and with differing 
results – see, Fractl (2016) – the choice was made to conduct this study in a somewhat 
different manner. Instead of focusing only on popular online still images and the basic 
amount of views they have received as was done by the aforementioned studies, the main 
purpose here was to take the crux of said studies and apply it to online content in video 
form. And the aim wasn’t merely to see what emotions appear in content with the highest 
amount of total views, but rather, to see what kind of effects different emotions have on 
audience behavior. 
 
The first hypothesis utilized by the thesis investigated whether or not certain primary 
emotions like surprise truly can be viewed as the overall best emotions in achieving viral 
success with digital content in video form. The two alternatives of hypothesis 1 were 
listed as the following: 
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H0 = Certain primary emotions do not lead to more successful video-based viral 
content than others. 
H1 = Certain primary emotions do lead to more successful video-based viral con-
tent than others. 
 
According to the found results in regard to emotion-specific performance of videos, anger 
and joy can be seen as the strongest, predominant primary human emotions holding the 
most significant effect on the audience. The three remaining emotions – sadness, fear and 
surprise – possess more of a weaker, supportive role and can be combined together with 
the predominant emotions to boost their effects. As with the predominant emotions, the 
supportive emotions each have their own respective strengths and weaknesses, which ex-
plains why some combinations lead to more positive results while others cause them to 
turn lackluster and negative. Below are some of most essential positive and negative ef-
fects each emotion was found to have on statistic-based audience behavior: 
 
 Anger Joy Sadness Fear Surprise 
Strengths - Interactivity (com-
ments) 
- CTR 
- Support of a spe-
cific audience 
- Positive audience 
response 
- Sharing 
- Subscriber gain 
- CTR 
- Sharing 
- Retention 
- Interactivity 
- Retention 
- Subscriber gain 
- Retention 
- Positive audience 
response 
 
 
Weaknesses - Retention 
- Positive audience 
response 
- Interactivity 
(comments) 
- Interactivity  
- CTR 
- Sharing 
- Subscriber gain 
- Interactivity 
(comments) 
- Sharing  
- CTR 
 
Combine with Sadness Fear/Surprise Anger Joy Joy 
 
Seeing as the advantages and disadvantages of the emotions vary so clearly depending on 
the statistic in question, it cannot be firmly stated that one or two specific emotions are 
always the best choice in achieving viral success. A certain emotion might fare better in 
one area of audience response, but at the same time fare worse in another area – it all 
depends on the intentions behind the utilized content. If a marketing team for example 
plans to create a long consistent line of viral marketing videos and would benefit from 
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building a core audience that continuously watches and supports its efforts, then the most 
effective course of action might be to construct the content on joy and mix in the element 
of surprise to boost the results – or perhaps add in the factor of fear to increase interac-
tivity in the comment section. Conversely, if a marketing team seeks to make a big one-
time impact and has no brand to protect, it can attract significant attention by using ex-
treme anger to create a loud divisive controversy among viewers – and if the marketers 
know their target audience that shares their strong views, they can find a vigorous sup-
portive fanbase as well. Or, the anger can also be combined with sadness to direct the 
strong evoked negativity at some specific target, like for example was the case with the 
Kony 2012 campaign (Invisible Children 2012). 
 
Thus, when it comes to hypothesis 1, the null hypothesis H0 can be deemed the one closer 
to truth. As in, certain primary emotions do not lead to more successful video-based viral 
content than others. 
 
The missing piece in the research, however, is anticipation. As mentioned, anticipation 
was chosen not to be included in the calculations, and thus it isn’t reflected in the results. 
This omission was based on established literature regarding the emotion, as well as the 
fact that it in essence relates to a feeling felt leading up to a future event and not the 
feeling evoked as a result, which makes it very difficult to detect based on the reaction. 
For example, if a viewer is highly intrigued by a mystery-filled video topic, that intrigue 
will most likely have already faded and turned into another, reactionary emotion when 
the viewer writes their comment. But even though anticipation wasn’t part of the calcu-
lations, the emotion could perhaps be viewed as the one most directly linked to the Click-
through Rate statistic, which signals the portion of viewers that clicked to see a video 
upon encountering it. In other words, the CTR statistic describes how well a video evokes 
anticipation in form of interest and curiosity in a viewer to draw them in. This would 
explain why no other emotion seemed to have a clear detectable positive effect on the 
statistic, with maybe the exception of the combination of anger and joy. 
 
But even if anticipation really does have a direct positive effect on the CTR statistic, that 
still wouldn’t change the conclusion made above. As was done by Libert and Tynski in 
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their study, if this thesis based the viral success of its sample pool of 22 videos only on 
their total amount of views, anticipation still wouldn’t produce the best results. The five 
videos with the highest CTR value (7,4 – 4,8%) average a total of 357 921 views. The 
five videos with the lowest CTR value (2,1 – 3,0%) average a total of 393 268 views. 
Furthermore, the two most viral videos that have gathered over a million views – their 
Click-through Rates rank in the opposite ends of the spectrum. The first video – named 
“IW vs JL” in the full table – holds a CTR of 2,3%, while the second video – “Quiet 
Place” – holds a CTR of 7,4%. Therefore, even when looking at the research question 
from the same perspective as Libert and Tynski, anticipation-related emotions like inter-
est and curiosity cannot be deemed to lead to better viral success than other emotions. 
The potential of anticipation shouldn’t ever be discounted, but at the same time, it can’t 
be solely relied on either. 
 
The second hypothesis of the thesis examined the factor of positivity versus negativity – 
whether or not the use of the former can be seen to result in higher viral success than the 
latter. The two possible alternatives here were set as follows: 
 
H0 = Video-based content that evokes high positivity does not lead to bigger viral 
success than content that evokes high negativity. 
H1 = Video-based content that evokes high positivity does lead to bigger viral suc-
cess than content that evokes high negativity. 
 
Observing the positivity-versus-negativity table presented at the end of the previous chap-
ter, there clearly is truth to this hypothesis. With multiple statistics related to audience 
behavior, positivity does average the best results. However, this isn’t always the case. In 
some areas, negativity does appear possess its own strengths as well – with CTR and with 
interactivity in form of comments, in particular. Therefore, once again, the question of 
whether or not strong positivity is the superior way for a video to reach viral success, 
comes down to nature of the video and what it is meant to achieve. Does a marketing 
team plan on growing a core audience that supports and shares their content? Or are they 
perhaps relying on controversy and shock value to make as much noise as possible and 
get as many viewers talking about their marketing message as they can? Both methods 
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possess their strengths and weaknesses, both methods possess the same possibilities to go 
viral. 
 
Accordingly, like was the case with the hypothesis 1, the alternative of the second hy-
pothesis that can be viewed as the one closer to truth is the null hypothesis H0. Although 
positivity does hold its perks, that doesn’t mean it results in higher viral success more 
efficiently than negativity. 
 
Serving as the final closing statement to this thesis, consider the following. In their study, 
Libert and Tynski mention that despite a multitude of evidence speaking on behalf of 
strong emotions as the key to achieving viral success, scarce is the evidence regarding the 
question of which emotions work best. And perhaps this is for a reason. Perhaps the evi-
dence regarding the most viral-friendly emotions is scarce, because no such evidence truly 
exists. As Libert and Tynski explain, there are many more factors at play than just emo-
tion-related. And thus, perhaps emotions should be considered not as their own separate 
entities leading to viral success, but instead as one spinning cog in a larger machine. In-
stead of asking the question of which emotions make my video go viral the best, perhaps 
the question that should be asked is which emotions are the right choice to best compli-
ment and boost the impact that my video is meant to make. 
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